Abstract-Place cells are neurons in the hippocampus that are sensitive to location within an environment. Simulations of a large-scale, computational model of the rat dentate gyrus using grid cell input have been performed resulting in granule cells that express multiple place fields. The typical method of detecting place fields using a global threshold on this data is unreliable as the characteristics of the place fields from a single neuron can be highly variable. A grid-based implementation of DENCLUE has been developed to calculate local thresholds to identify each place field. An adaptive binning algorithm used to smooth the rate maps was combined with the DENCLUE implementation to adaptively choose the size of the smoothing kernel and reduce the number of free parameters of the total algorithm. A sensitivity analysis was performed using the threshold parameter to demonstrate the robustness of using local thresholds as opposed to using a single global threshold in detecting the place fields resulting from the large-scale simulation. The analysis supports the use of applying local thresholds for place field detection and will be used to further investigate the role of granule cells in hippocampal function.
I. INTRODUCTION
Place cells are neurons in the hippocampus that reliably respond to a specific location within the environment [1] . Typically associated with memory formation, the discovery of place cells exposed a new facet to hippocampal function, the formation of a spatial map. The discovery of place cells within the hippocampus revealed a behavioural correlate through which the function of the hippocampus could be further investigated through the context of the spatial maps that it forms.
The canonical place cell, found within the CA3 and CA1 subfields of the hippocampus, has been commonly shown to exhibit a single place field, a finite, continuous region in the environment at which the neuron preferentially spikes, though multiple place fields can also be expressed. A significant finding that explained how place cells could form were the discovery of grid cells in the medial entorhinal cortex. Grid cells are neurons that have multiple place fields, and the place fields are arranged in a triangular lattice pattern throughout the environment [2] . The finding was significant because the entorhinal cortex provides the major input to the hippocampus. In the classical definition of the trisynaptic pathway, input from the entorhinal cortex synapses with granule cells in the dentate gyrus. Granule onto CA1 pyramidal cells. The CA1 provides the output of the hippocampus. Various experimental and computational works have verified the requirement of grid cell input as well as other necessary mechanisms by which place cells can be formed [3] , [4] .
Less understood is the role that the dentate gyrus has in place cell formation. As an intermediate region between the entorhinal cortex and CA3, it is unclear how the dentate gyrus fits into the the place cell framework. Granule cells in the dentate gyrus have been shown to exhibit multiple place fields similar to grid cells, but the place fields are distributed irregularly, lacking the triangular structure that is characteristic of grid cells [5] . By providing grid cell input to a large-scale, computational model of the rat dentate gyrus, the granule cell models were found to express multiple place fields as well. However, the place fields for a single neuron were not only distributed irregularly but had variable characteristics such as maximal firing rate.
Typical place field detection algorithms have used a global threshold to identify place fields which can affect the number of place fields detected and the resulting characteristics of the detected place fields. This work proposes a gridbased application of the DENCLUE clustering algorithm to calculate and apply local thresholds for place field detection. By combining an adaptive binning procedure used to smooth the rate maps with the DENCLUE algorithm, the number of free parameters used for the detection was reduced to a single parameter. A sensitivity analysis is also presented which shows the robustness of using local thresholds in contrast to global threshold methods in detecting place fields from the large-scale model.
II. METHODS

A. Generating Grid Cell Activity
Grid cell activity was generated by creating rate maps defined by a formula created by Blair et al. that sums a set of cosines oriented at different angles to form vertices in a triangular lattice structure of a certain size and spacing
where the u(θ k ) = (cos(θ k ), sin(θ k )) determines the relative orientations of the cosines with θ 1 = −30
• , θ 2 = +30
• , and θ 3 = +90
• [6] . The angle θ defines a global orientation of the rate map. Intervertex spacing is dependent on λ, and the spatial offset is defined with c = (x 0 , y 0 ). The gain function was set to be g(
The size of the place fields is determined by the a parameter. Rate maps were normalized such that the minimum firing rate was 0.1 Hz and the maximum firing rate was 50 Hz.
The movement of a virtual rat in a 100 cm x 100 cm square environment was simulated by setting a random orientation and velocity (0-60 cm/s) that the rat would move for a random interval of time (0-1 second) at time steps yielding a sampling rate of 30 Hz. If the rat's vector would take it beyond the square environment, the orientation would be reflected by 90
• from the boundary. A total of 1000 seconds of movement was generated.
The individually generated rate maps for each grid cell would use the virtual rat's position vector as input to calculate a firing rate profile for the grid cell. A heterogeneous Poisson process was used to create the spike times for the grid cells.
B. Large-Scale Model
The large-scale model represented 1/10 th of the full scale of a single hemisphere of the rat hippocampus. The entorhinal cortex was composed of 4,600 lateral entorhinal cortical (LEC) cells and 6,600 medial entorhinal cortical (MEC) cells of which 80% of the MEC cells were grid cells. Non-grid cells independently generated spike times derived from a homogeneous Poisson process of 6 Hz, which was the mean firing rate of the grid cells.
The dentate gyrus was composed of 120,000 granule cells and 5,600 basket cells. Granule cells received an average of 1,950 inputs from LEC cells, 1,685 inputs from MEC cells, and 1,100 inputs from basket cells. Basket cells received an average of 180 inputs from LEC and MEC cells and 60 inputs from granule cells. Granule cells and basket cells were distributed throughout a flattened twodimensional representation fo the dentate gyrus. The network followed a topographic connectivity scheme in which the connection probability was dependent on the distance between the neurons, and the distribution of the granule cells and basket cell connection probabilities was described by a Gaussian distribution with standard deviations of 0.152 mm and 0.215 mm, respectively. The topographic projections between the entorhinal cortex and dentate gyrus and within the dentate gyrus and additional model parameters have been described in further detail in a previous work [7] . With this connectivity scheme, basket cells would provide both feedforward inhibition to the granule cells via entorhinal input and feedback inhibition to the granule cells via granule cell inputs.
The granule cell and basket cell models were specified and simulated using the NEURON simulation environment [8] . The granule cell model was reduced from a previously published version to a 7-compartmental model representing a soma and 2 principle dendrites with 3 compartments each to allow the large-scale simulation to simulate 1,000 seconds in a reasonable amount of time [7] . Basket cells were 1-compartment models, and the active and passive membrane properties were derived from a previous work by Santhakumar et al [9] .
C. Creating and Processing the Rate Map
The spiking activity of the granule cells was converted into a spatial firing map by dividing the 100 cm x 100 cm environment into square bins with side lengths of 2 cm and counting the number spikes that were elicited while the virtual rat was located in each bin. The amount of time it had spent in each bin was also computed and used to normalize the firing map calculate the mean firing rate for each bin, resulting in a rate map (Fig. 1) . The spatial information (SI) of the granule cells was calculated to determine if the spiking of the granule cell contained any information on position. The SI score proposed by Skaggs et al. was
where λ i is the firing rate in the i th bin, λ is the mean firing rate of the neuron, and P i is the probability of being located in the i th bin [10] . Granule cells with a SI of <0.5 bits/spike were eliminated from the analysis. Additionally, the spikes were shuffled relative to each other to create a rate map from the shuffled data, as described in [11] . The SI of the firing map of the shuffled map was computed, and the process was repeated 100 times. The SI of the original rate map was considered significant if it was greater than the shuffled SI with p < 0.01.
The rate map was then smoothed using an adaptive binning procedure also proposed by Skaggs et al. where the value of the bin was calculated by expanding a circle around the point until the following criterion was met
where N spikes is the number of spikes counted within the circle, N occ is the number of samples within the circle, r is the radius of the circle in bins, and α is a scaling parameter, which was set to be 1.0 x 10 8 ( Fig. 1 ) [10] . The value within the bin is r s · N spikes Nocc where r s is the temporal sampling rate. This technique optimizes a trade off between the number of available samples and the spatial resolution. The radius sufficient to satisfy the inequality was stored to be used during the place field detection process. The subsequent steps are performed on the smoothed rate maps after the adaptive binning procedure was applied.
D. Grid-Based Clustering with DENCLUE
DENCLUE was developed by Hinneburg and Gabriel as a clustering algorithm that imposes a density, or influencing, kernel on each data point and computes a local gradient that each data point follows to arrive at a local maximum (density attractor) [12] . Data points that converge to the same local maximum are considered to belong to the same cluster. To simplify the computation of the algorithm, the clustering was performed on the binned data rather than the individual points. The bins that belonged to the same attractor bin were considered a cluster, a place field. A Gaussian density kernel was assumed, and the standard deviation of the density kernel for a particular bin was set to be the radius used by the adaptive binning procedure for that bin. The only free parameter for the entire procedure is the α parameter from Eq. 3 that is used during the adaptive binning procedure.
E. Defining the Place Field
A place field was defined to be a set of contiguous bins with a minimum area of 200 cm 2 . After all of the place fields were identified, the background activity was characterized by computing the mean and standard deviation of the rates of the bins that were not considered part of a place field. The mean rates of the place fields were calculated, and if the mean rate of a place field was not significantly greater than the background rate with a level p < 0.01, it was rejected as being a place field.
III. RESULTS
Three methods were applied in detecting place fields. In the first method, a global threshold is applied by calculating the maximum firing rate in the rate map and using a proportion of the maximum rate as the threshold. In the second method, a global threshold is applied, but the amplitude of the rate map, the difference between the maximum and minimum rate, is calculated, and a proportion of the amplitude is used as the threshold. In the third method, a local threshold is computed by calculating the amplitude of each place field and using a proportion of each amplitude as a threshold. These methods were applied to all granule cell rate maps using proportions of 0.1 through 0.9 at increments of 0.1. The average number and the average area of the detected place fields per granule cell were calculated. An example of how the differing threshold methods affect place field detection for the same rate map in Fig. 1 are shown in Fig. 2 .
The means and standard deviations of the detected number of place fields and place field area per granule cell were computed for each method (Fig. 3) . The place field areas were normalized by the total area of the environment that the virtual rat traversed (10,000 cm 2 ). Furthermore, the means and standard deviations of the above quantities were computed across all thresholds for a given method, and the coefficient of variation was calculated using those metrics (Fig. 3) .
IV. DISCUSSION
By visual inspection, it is evident that the rate map in Fig. 1 has multiple place fields. However, the peaks detected by the different methods vary greatly. Fig. 2 demonstrates some immediate problems with the global maximum as a threshold. At low thresholds, no place fields are detected because the entire rate map can be classified as a single place field. Depending on the difference between the maximum and minimum values, a low threshold could include every bin until the threshold surpasses the minimum. At high thresholds, two cases are possible. A single, small place field corresponding to the tip of the highest peak in the rate map is detected, or no place field is detected because the tip of the highest peak does not satisfy the minimum size required Fig. 3 . The mean and standard deviation of the place field areas and number of detected place fields per granule cell for each threshold. The top row contains the detected number of place fields for each threshold method, and the bottom row contains the mean place field area. The right-most column computes the overall mean and standard deviation of the respective quantities with the coefficient of variation listed at the top of the bar plots. The place field area was normalized by the total area of the environment (10,000 cm 2 ).
to be considered as a place field.
Using a global amplitude as a threshold takes the range of values into consideration which prevents cases where all bins are classified as a single place field. At the middle threshold region, this method begins to exclude all place fields except for the one with the highest peak. At higher thresholds, the single peak does not meet the size requirements and is excluded. These two results highlight the major disadvantages of using global metrics to detect place fields. If the peak of the place fields are variable, then threshold values that are too high can exclude place fields. If the threshold is too low, place field detection is too coarse, and the entire rate map is classified as a single place field
The local amplitude method has a wider range of threshold values at which the number of detected fields are the same, demonstrating its robustness. Global methods used the requirement that the identified place fields be separated by at least one bin to be considered separate place fields, but the DENCLUE method is able to identify and separate discrete place fields regardless of whether they are directly contacting each other. This is demonstrated in Fig. 2 where at threshold 0.2, the DENCLUE method identified 8 separate place fields although a majority of the place fields appear contiguous. Finally, the coefficient of variation for the local amplitude method is the lowest indicating that the metrics that are calculated show the least variability relative to the mean, regardless of the threshold value that is used.
The sensitivity analysis demonstrates the robustness of the local amplitude method in detecting place fields (Fig. 3) . The choice of threshold should minimize the slope in either direction for all of the relevant metrics. The data suggests a threshold value of 0.3 times the local amplitudes to be relatively stable. This parameter will be used for the ongoing investigation of place field formation in the dentate gyrus such as the effect of the local circuitry on granule cell place fields.
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